Abstract Tourette syndrome (TS) is a childhood-onset neurological disorder. To date, accurate TS diagnosis remains challenging due to its varied clinical expressions and dependency on qualitative description of symptoms. Therefore, identifying accurate and objective neuroimaging biomarkers may help improve early TS diagnosis. As resting-state functional MRI (rs-fMRI) has been demonstrated as a promising neuroimaging tool for TS diagnosis, previous rs-fMRI studies on TS revealed functional connectivity (FC) changes in a few local brain networks or circuits. However, no study explored the disrupted topological organization of whole-brain FC networks in TS children. Meanwhile, very few studies have examined brain functional networks using machine-learning methods for diagnostics. In this study, we construct individual whole-brain, ROI-level FC networks for 29 drug-naive TS children and 37 healthy children. Then, we use graph theory analysis to investigate the topological disruptions between groups. The identified disrupted regions in FC networks not only involved the sensorimotor association regions but also the visual, default-mode and language areas, all highly related to TS. Furthermore, we propose a novel classification framework based on similarity network fusion (SNF) algorithm, to both diagnose an individual subject and explore the discriminative power of FC network topological properties in distinguishing between TS children and controls. We achieved a high accuracy of 88.79%, and the involved discriminative regions for classification were also highly related to TS. Together, both the disrupted topological properties between groups and the discriminative topological features for classification may be considered as comprehensive and helpful neuroimaging biomarkers for assisting the clinical TS diagnosis.
Introduction
Tourette syndrome (TS) is a common genetic neurological disorder characterized by the presence of multiple motor and vocal tics. TS commonly begins in childhood, with the typical age of onset between 5 and 7 years [1] . Tics are sudden twitches, movements, or sounds that people do repeatedly. Besides tics, TS is frequently concomitant with other psychiatric comorbidities, mainly obsessive-compulsive disorder (OCD) and other social and behavioral disturbances [2] , leading to its heterogeneous clinical expression [3] . The prevalence of TS is now estimated to range between 0.1 and 1% in school-age children with a tendency to increase in recent years [4] . However, since tics are often so mild, especially in childhood, TS are hardly perceived and easily overlooked. To date, TS diagnosis mainly depends on the qualitative description of symptoms and is still misdiagnosed due to its varied presentation [5] or the interference of other comorbidities. Therefore, developing robust and accurate diagnostic methods is of great importance. Moreover, an early diagnosis of TS would help administer early treatments to the patient, which may help slow down the progression of the disease.
Recently, the noninvasive resting-state functional MRI (rsfMRI) has emerged as a promising imaging modality for TS studies. Different from structural MRI that reveals brain morphological changes, rs-fMRI can examine spontaneous, lowfrequency brain activity in the absence of a task, allowing for studying both functional integration and segregation of brain networks. Existing rs-fMRI studies found significantly altered amplitude of low-frequency fluctuations (ALFFs) [6] and regional homogeneity (Reho) [7] in TS patients. However, these studies did not directly measure functional connectivity (FC), which could characterize pairwise correlation between brain regions. Additionally, the biological interpretation of these particular measures is still obscure [8] . More recent studies have implemented a network science approach to investigate functional brain networks in TS. For instance, Church et al. [9] showed decreased maturity of fronto-parietal and cinguloopercular cortical networks due to abnormal patterns of connections between functional nodes in pediatric TS patients. Werner et al. [10] identified abnormal functional connections within the amygdala in TS patients. Worbe et al. [11] found functional changes in cortico-basal ganglia networks in TS patients, which could reflect a defect in brain maturation. However, these studies only revealed functional changes in a few specific and local networks or circuits, and none of these studies explored the topological organization of whole-brain FC networks. As in recent years, graph theory analysis has become increasingly popular in the neuroimaging and brain network analysis fields, thereby providing advanced tools to investigate the topological organization of brain networks. Functional brain networks exhibit many crucial topological properties, such as small-worldness [12, 13] and highly connected hubs [14] . Therefore, it is meaningful to use graph theory analysis for investigating potential disruption in the topological organization of whole-brain FC networks in TS patients, especially in early TS children, which may be an interesting population that offers important insights unraveling the underlying mechanisms of TS.
Furthermore, despite that previous research studies revealed significant functional abnormalities, and advanced our understanding of altered functional networks in TS, those significant abnormalities were identified through comparing patients and controls at group level, which consequently limited clinical translation at the individual level [15] . Therefore, recent attention was turned toward integrating machinelearning and neuroimaging techniques for individualized medicine. On the other hand, unlike group-based comparison approaches, pattern classification based on machine-learning techniques are able to detect the fine-grained spatial discriminative patterns, which are critical for individual-based disease diagnosis [16] . Indeed, there is a rapidly accumulating evidence that integrating machine-learning and neuroimaging measurements may be valuable for disease diagnosis, transition prediction, and treatment prognosis [17] .
Although many efforts have been recently made to investigate brain functional or structural networks using machinelearning methods for diagnostics [18] [19] [20] [21] [22] , only a few were related to TS. For instance, Greene et al. [23] extracted original resting-state functional connectivity (RSFC) as features, then used SVM for TS classification, achieving an accuracy of 74%. Liao et al. [24] extracted original voxel-mirrored homotopic connectivity (VMHC) as features, then used multivariate pattern analysis for TS classification, achieving an accuracy of 92.86%. Wen et al. [25] constructed the structural networks via deterministic tractography, and then, the networks were sparsified using a single fixed threshold for subsequent graph theory analysis and TS classification, achieving an accuracy of 88.26%. Nevertheless, these studies have three main drawbacks. Firstly, the two first studies [23, 24] extracted the connectivity values as features using the original functional networks, which may have noisy or spurious connections and should be eliminated via sparsification using proper thresholds. Secondly, no graph theoretical approaches were implemented in these two studies. Since the human brain is a very complex and rich network, solely relying on low-level original connectivity values as features cannot capture highlevel topological properties of this network. By contrast, graph theory provides advanced tools to examine the complexity of a network at multiple levels, thus providing a vast set of objective descriptors of brain structure and function for neuroscientists. Thirdly, though sparsification processing and graph theory analysis were implemented in [25] , the selection of a single fixed threshold in this study is subjective and may be affected by different noise levels. Therefore, in this study, we propose a novel classification framework integrating graph theory analysis, a multi-threshold strategy and a network fusion scheme to address the aforementioned limitations.
In the present study, we aim to fully depict the disrupted topological organization of whole-brain FC networks in early TS children and accurately distinguish TS children from controls using multi-threshold fused network topological features. Briefly, we first use rs-fMRI to construct individual whole-brain, ROI-level FC networks for 29 drug-naive TS children and 37 matched healthy children. Graph theory analysis is then employed to derive the global and regional topological properties. On a group level, we investigate how TS affects both global/ nodal topological properties and the regional distribution of functional hubs. Furthermore, we examine the correlations between these topological changes and the clinical characteristics of TS children. On an individual level, we use a novel network-based classification framework to accurately distinguish TS children from controls and identify the discriminative features for classification. Together, both the disrupted (altered) topological properties between groups and the discriminative topological features for classification may be considered as comprehensive and helpful neuroimaging biomarkers for assisting the TS diagnosis.
Materials and Methods

Subjects
Twenty-nine TS patients were recruited from outpatient clinics in Beijing Children's Hospital from July 2012 to May 2015 (age 8.76 ± 3.136 years, range 3-16 years; 6 female). All patients were drug-naive subjects to exclude the effects of stimulants, as previous studies have suggested that stimulants can significantly influence the structure and function of central nervous system in TS [26] . All the patients met Diagnostic and Statistical Manual of Mental Disorders, 4th Edition, text revision (DSM-IV-TR) criteria for TS. We also included 37 healthy controls in our study (age 11.19 ± 3.637 years; range 3-17 years; 12 female). Of note, we have already excluded the participants who have excessive head motion, and the 66 participants were selected after exclusion (see BData Preprocessing^section). Our research team has professional neurologists and psychiatrists who have gained expertise in diagnosing TS and differentiating it from other complex child mental disorders. The American Psychiatric Association's Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5) was used to help diagnose tic disorders. We used a clinical interview and the Children's Yale-Brown Obsessive Compulsive Scale (CY-BOCS) [27] to diagnose OCD and used the German short version of Wender Utah rating scale (WURS-k, translated to Chinese) [28] to diagnose ADHD. Patients fulfilling autistic spectrum disorder (ASD), OCD, ADHD, or other learning disabilities, depression and anxiety criteria were excluded from the study. Tic severity for all patients was rated using the Yale Global Tic Severity Scale (YGTSS) [29] and ranged from 10 to 79 (mean ± SD 44.66 ± 17.96). The duration of TS ranged from 3 month to 5 years (mean ± SD 1.61 ± 1.38 years). For those who had course less than 1 year, TS diagnosis was made by follow-up call. After the study was approved by Beijing Children's Hospital review board, written informed consent was obtained from all the parents/guardians according to the Declaration of Helsinki. Details of the patients are shown Table 1 .
Image Acquisition
All the participants were scanned using a 3.0 T MR scanner (Gyroscan Interna Nova, Philips, Netherlands) at the department of radiology of the Second Affiliated Hospital of Guangzhou University of Traditional Chinese Medicine. The rs-fMRI data were collected using an echo-planar imaging sequence: 30 axial slices; repetition time (TR) = 2000 ms; echo time (TE) = 39 ms; slice thickness = 4 mm; gap = 1 mm; flip angle = 90°; matrix = 64 × 64; field of view (FOV) = 240 mm × 240 mm. During the data acquisition, the participants were asked to lie quietly in the scanner with their eyes closed. After scanning, a total of 180 volumes were obtained for each participant. Individual high-resolution 3D structural images were also acquired using a T1-weighted MP-RAGE sequence: 192 axial slices; TR = 1160 ms; TE = 4.21 ms; inversion time = 600 ms; slice thickness = 0.9 mm; no gap; flip angle = 15°; matrix = 512 × 512; FOV = 256 mm × 256 mm.
Data Preprocessing
Resting-state functional MRI data preprocessing was performed with the SPM8 toolbox. After removal of the first ten volumes, the functional images were corrected for time offsets between slices and geometrical displacements due to head movement. We chose the criteria of 2.0 mm and 2.0°in max head motion to exclude participants who move excessively. The 29 TS children and 37 healthy children were in fact the selected participants after exclusion. All the corrected functional data were then normalized to the Montreal Neurological Institute space using an optimum 12-parameter affine transformation and nonlinear deformations and then resampled to a 3-mm isotropic resolution. Subsequent to smoothing (with FWHM = 8 mm), the resulting images were further temporally band-pass filtered (0.01-0.1 Hz) to reduce the effects of low-frequency drift and high-frequency physiological noise, and linear trend was also removed. Finally, several nuisance signals were regressed out from each voxel's time course, including six-parameter head-motion profiles, global mean signal, mean white matter (WM), and cerebrospinal fluid (CSF) time series within the respective brain masks derived from prior probability maps (threshold = 0.8) in SPM8 (http:// www.fil.ion.ucl.ac.uk/spm).
Region-Based Functional Connectivity Network
The automated anatomical labeling (AAL) template [30] was used to segment registered fMRI time series into 116 regions, 90 for cortex, and 26 for cerebellum (Table 2) . For each region, fMRI time series of all voxels lying in that region were averaged to obtain representative fMRI time series or BOLD signal of that region. Then, for each of the 116 ROIs, a mean time series was extracted and Pearson's correlation with all the other ROIs was calculated, therefore outputting a 116 × 116 correlation matrix. To exclude possible effects of spurious correlations between network nodes, a sparsity threshold (i.e., the ratio of the number of existing edges divided by the maximum possible number of edges in a network) was applied to individual correlation matrices to retain high correlations only. The sparsification approach normalized all resultant networks to have the same number of nodes and edges while minimizing the effects of discrepancies in the overall correlation strength between groups. However, because there is currently no definitive way to select a single threshold, we therefore empirically thresholded each correlation matrix using a wide range of sparsity thresholds [0.08, 0.6] (interval = 0.02) to generate sparse and weighted networks. Figure 1 shows the flowchart of constructing the FC networks of different thresholds. 
Graph Theoretical Approaches
For the resultant networks at each sparsification threshold, we calculated the following network topological attributes. We show the general descriptions for the network properties used in our study in Table 3 , as the detailed descriptions were defined in [31, 32] .
Global network metrics
S p : network strength (mean degree), E glob : network global efficiency, E loc : network local efficiency, L p : the shortest path length, C p : the clustering coefficient, λ: the normalized shortest path length, γ: the normalized clustering coefficient, σ: the small-worldness. 
e st (i) denotes the number of shortest paths in the network G between node s and node t, which pass through node i, while e st denotes the total number of shortest paths in the network G between node s and node t. B nodal (i) measures the fraction of all shortest paths that pass through a given node i.
As the global and local topological properties were calculated for each sparsity threshold, similar to previous studies [33, 34] , we also calculated the area under the curve (AUC) for each network topological property to provide a summarized scalar independent of single threshold selection [35] . The graph theory analysis in our study was implemented using a MATLAB network analysis toolbox GRETNA (Version 1.2, http://www.nitrc.org/projects/gretna/) [36] .
Between-Group Statistical Comparison and Correlation Analysis
Two-sample t-tests were used to determine the between-group differences in network measure (global and nodal properties). Of note, we used the AUC value of the nodal betweenness centrality across thresholds to analyze nodal properties, including identifying brain hubs and significantly altered nodes.
To identify the potential influence of each region on each of the clinical variables, we examined the relationships between the network metrics (global and nodal properties) and each of the clinical variables in the TS group by performing partial correlation analyses using SPSS 19.0 (http://www.ibm.com/ analytics/us/en/technology/spss/) (dependent variables: network metrics; independent variables: YGTSS or tics duration; covariates: age and gender).
Multi-Threshold Similarity Network Fusion for Subsequent TS Classification
To leverage the common and complementary information in multi-threshold networks, we used the similarity network fusion (SNF) algorithm [37] and adapted it to specifically merge the multi-threshold FC networks. The traditional SNF algorithm combined diverse types of genome-wide data to create a comprehensive view of a given disease or a biological process, by constructing networks of samples for each available data (feature) type and then efficiently fusing these into one network that represents the full spectrum of underlying data. In our study, the FC networks with different sparsity thresholds can be considered as diverse feature types. Therefore, the similar ideas can be used to fuse multi-threshold networks to create a comprehensive view of individual FC network for each subject. Briefly, the FC networks of different sparsity thresholds were defined as full kernel matrix W i j . For each network W i j of subject i with threshold j, a sparse kernel matrix was constructed, which encodes the sparse, strong network connections. Let δ u denote a set of k-nearest neighbors (the top k strongest connections) of the node u (including u itself) in W i j , then the sparse kernel matrix S j i is defined as follows:
where the connection between nodes v and u existed only if v was within the k-nearest neighbors (k = 27 in our case) of u. Table 3 Global and local topological properties used in the study
Global network properties
Network strength (S p ) S p is the strength of the network, which is defined as the mean degree of all the regions in the brain network.
Global efficiency (E glob ) E glob is defined as the mean value of all regions' global efficiency.
Local efficiency (E loc ) E loc is defined as the mean value of all regions' local efficiency.
Shortest path length (L p ) L p is defined as the average length of the shortest path between every two nodes in network G, which quantifies the ability for information to be propagated in parallel.
Clustering coefficient (C p ) C p is the average clustering coefficient over all nodes, which indicates the extent of local interconnectivity or cliquishness in a network.
, L p rand is the mean shortest path length of 100 matched random networks.
, C p rand is the mean clustering coefficient of 100 matched random networks.
Small-worldness (σ) σ = λ/γ, a real network would be considered small world if γ > 1 and λ ≈ 1.
Local nodal properties
Nodal betweenness B nodal (i) is defined as the fraction of all shortest paths in the network Centrality B nodal (i)
G that pass through a given node i. The mathematical definition is presented in Eq. 1.
Based on these two kernel matrices, each network could be iteratively updated as follows: (2) implies that the connection of any two nodes in W i j also relies on the connections of their neighbors in other thresholded networks. Specially, if the respective neighbors of two nodes are strongly connected in other thresholded networks, the connection between them can be strengthened after the updates even though it may be weak itself, and vice versa.
The iterative process stops when the fused network remains almost unchanged when updated
01. After convergence, we averaged the N networks to obtain the average fused network for subject i:
Finally, all elements in W i were normalized to [0, 1] and the final fused network was obtained for each subject i. Graph theoretical analysis was also performed on the final fused networks, then global properties and nodal betweenness centrality were extracted as features x i for subject i:
, ..., node 116 (BC) ]. The SNF in our study was implemented using a MATLAB toolbox SNFmatlab_v2.1 (http://compbio.cs.toronto.edu/SNF/SNF/ Software.html) [37] . The overview of our method is illustrated in Fig. 2 .
Feature Selection and Classification
After extracting the features from each individual fused network, we employ a wrapper-based method for feature selection utilizing SVM based on recursive feature elimination which is named SVM-RFE [38] . In this algorithm, SVM is trained iteratively using a selected feature subset. In each iteration, the ranking score for each feature in the selected feature subset is calculated during the SVM training process. The feature with the smallest score is eliminated in each iteration of SVM training until the classification accuracy is over a set threshold, or the number of remaining features in the selected subset is smaller than a set value. Of note, the feature selection was implemented on the training set, rather than entire dataset, using the accuracy of tenfold cross-validation (CV) to estimate the goodness of feature subset, which may avoid the overfitting problem.
Classification was then performed using the SVM algorithm with a radial basis function (RBF) kernel. To estimate optimal values for the two SVM parameters, the complexity or cost constant (c > 0) and kernel width (γ > 0), we used a grid search in the range of c = 2 , ..., 2 2 , with tenfold CV to evaluate the goodness of SVM parameters.
In our study, the same nested cross-validation strategy in our previous study [39] was used to evaluate the classification performance. For outer CV, the data is randomly divided into ten parts in which each class is represented in approximately the same proportions as in the full dataset. Each fold is held out in turn and the learning scheme trained on the remaining nine tenths, and the error rate is then calculated on the tenth fold. Following ten training procedures, we calculated the average CV accuracy and considered it as the estimation of generalization [40] . The optimal SVM parameters were estimated on the training samples with another tenfold CV, which is called inner CV. This nested CV strategy can yield an unbiased assessment of the classification method and prevent overestimation. Specifically, this nested CV procedure was repeated 20 times in our study to avoid any bias introduced by randomly partitioning in the cross-validation. Figure 3 shows the flowchart of the evaluation method we used for nested CV.
Evaluation of Classification Performance
Since our proposed framework had two contributions-(1) graph theory analysis and multiple thresholds processing and (2) network fusion with SNF-to evaluate its performance, we compared it against three other methods that used:
1. The original FC matrices, without graph theory analysis, 116*115/2 features for each subject. 2. The original FC matrices without sparsity threshold processing, 124 features (8 global and 116 nodal properties) for each subject derived from graph theory analysis. 3. The original FC matrices were sparsified using a single threshold (14%), which was set empirically, 124 features for each subject derived from graph theory analysis.
The same feature selection (SVM-RFE), SVM-based classification, nested CV procedures were then implemented for each of these three comparison methods.
The statistics we used to evaluate our classification algorithm performance are accuracy, sensitivity, specificity, and the area under the curve for the receiver operating characteristic curve (AUC ROC). 
Results
Alterations in the Global Properties of FC Networks in TS
Both TS patients and normal controls showed a small-world organization of FC networks characterized by γ > 1 and λ ≈ 1 (Fig. 4) . However, compared with controls, TS patients had significantly decreased network strength (mean degree), global, local efficiency, clustering coefficient (C p ), and increased shortest path length (L p ), γ, λ, and σ in the FC networks over a wide range of thresholds. All the significant p values (<0.05) were derived after FDR correction [41] . Moreover, TS children showed significantly altered AUC values of all the parameters except λ (Table 4) .
Alterations in the Regional Properties of FC Networks in TS
We investigated between-group differences in regional network measures, specifically nodal betweenness centrality (BC). We considered a node as a hub if its nodal BC is one standard deviation (SD) higher than the average nodal BC of the network. Hubs were quantified for networks based on the AUC of nodal BC curves (0.08 ≤ sparsity ≤ 0.6, interval = 0.02).
Hub quantification based on AUC analysis revealed that TS and control children showed partially similar hub distributions, with core regions mainly in the right superior frontal gyrus (dorsolateral), parahippocampal gyrus, superior/inferior temporal gyrus, left precentral gyrus, precuneus, dedian cingulate, and paracingulate gyri (Table 5 , Fig. 5a, b) . In addition, five hub regions were identified in the control group only, including the bilateral Fig. 2 The flowchart of our proposed classification framework, including the multithreshold similarity network fusion and subsequent TS classification. Of note, when the network construction and subsequent graph theory analysis were implemented using GRETNA toolbox, we considered the full network (composed of both positive correlations and the absolute values of the negative correlations) [36] ; thus, the resultant connection strengths range from 0 to 1 Fig. 3 The flowchart of the nested CV procedure in our classification framework middle temporal gyrus, left superior frontal gyrus (dorsolateral), right precentral gyrus, dedian cingulate, and paracingulate gyri (blue nodes of Fig. 5a ). Meanwhile, three hub regions were found in TS group only, including the right middle frontal gyrus, precuneus, and temporal pole (red nodes of Fig. 5b ).
We also compared the AUC values for regional network measure (nodal BC) curves between groups. Compared with healthy children, TS children showed significant altered nodal BC mainly in the superior and inferior frontal gyrus, parietal (angular and inferior parietal gyrus), right occipital (lingual and middle occipital gyrus), and right temporal cortices Fig. 4 Between-group differences in topological properties of functional connectivity networks. Asterisk denotes significant difference (p < 0.05) between groups at corresponding sparsity threshold. Compared with control group, TS group has significantly decreased network strength, global, local efficiency, clustering coefficient (C p ), and increased shortest path length (L p ), γ, λ, and σ in the FC networks over a wide range of thresholds Table 4 Group comparisons of AUC values (mean ± SD) of global network properties (fusiform gyrus and hippocampus) ( Table 6 , Fig. 5c ). There were no regions in the cerebellum showing significant altered nodal BC. The different colors (red and blue) in Fig. 5c indicate the significantly decreased or increased nodal BC in TS group compared with control group. Of note, the regions that showed significantly altered nodal BC between groups were not hub regions except for the right dedian cingulate and paracingulate gyri (DCG) (Fig. 5c) . By performing Pearson correlation analysis, we found that the tic severity score (YGTSS) was significantly positively correlated with nodal betweenness centrality of the right parahippocampal gyrus (r = 0.496, P = 0.006) and left middle temporal gyrus (r = 0.371, P = 0.047), which were the hubs of TS and control group, respectively. YGTSS was significantly negatively correlated with nodal betweenness centrality of the right inferior frontal gyrus (orbital part) (r = −0.469, P = 0.010). In addition, the nodal betweenness centrality of the left Heschl's gyrus was significantly positively correlated with both YGTSS (r = 0.368, P = 0.049) and tic duration (r = 0.441, P = 0.017) (Fig. 6 ). Of note, we found significantly positive correlation between tics duration and nodal betweenness centrality of the right superior frontal gyrus (dorsolateral) (r = 0.402, P = 0.031), which is an important hub region in both groups. There were no significant correlations between other network metrics and clinical variables.
The Effects of Multi-Threshold Similarity Network Fusion Algorithm
To further take insights from our algorithm, we randomly selected three subjects from both groups, respectively. Figure 7 illustrates the original FC networks and the fused networks. Compared to the original networks, our fused networks show more block-like structures with more clear layouts. Besides, the original networks look similar between groups, while the fused networks show significant difference between groups and are relatively similar within each group. The mean connection strength in FC networks of the TS group seems to be weaker than the control group, which perhaps reveals decreased maturity in many specific networks, such as the fronto-parietal and cingulo-opercular cortical networks. Interestingly, this is consistent with the previous TS study [9] .
The Classification Performance of Our Method
The classification performances of all methods in percentage were showed in Table 7 . To exclude the possibility that the classification performance based on one-time randomly partitioning in the CV was not robust and stable, we repeated the nested CV procedure 20 times. Our proposed framework achieved the highest mean (± standard deviation) accuracy (88.79 ± 2.33%), sensitivity (88.45 ± 4.23%), specificity (89.05 ± 3.60%), and AUC (94.96 ± 2.43%), indicating that the high classification power was unlikely the result of chance. Figure 8a plots the ROC curves of all methods. Our proposed framework outperforms all three comparison methods.
Most Influential Global and Nodal Properties for Classification
As the highest accuracy was achieved using multi-threshold fused FC networks, the current study also identifies the most discriminative global and nodal topological properties of the fused FC networks for TS classification. We summed the counts and 24 nodal properties) with the frequency more than 50% are provided in Table 8 . The most discriminative regions located mainly in the bilateral hippocampus, fusiform gyrus, superior frontal gyrus, rolandic operculum, Heschl's gyrus, right inferior frontal gyrus (orbital part), putamen and paracentral lobule, left middle frontal gyrus (orbital part), superior frontal gyrus (dorsolateral), caudate nucleus, and postcentral gyrus, which may be highly related to TS pathology. Furthermore, the network global, local efficiency, the shortest path length, and the clustering efficiency were also discriminative features. For the purpose of visualization, Fig. 8b illustrates the most discriminative regions for classification.
Discussion
In the present study, we used rs-fMRI and graph theory to investigate the topological organization of whole-brain, ROIlevel FC networks in drug-naive TS children compared with healthy children. Both TS and healthy children showed smallworld properties of the FC networks, characterized by high local clustering and short path length. Despite the common small-world topology, TS children showed significantly decreased network strength (mean degree), clustering coefficient, global, local efficiency, and significantly increased shortest path length (L p ). Although both TS and control groups showed partially similar hub distributions, TS children exhibited significant decreased nodal betweenness centrality in multiple functional areas. Furthermore, we proposed a novel network-based classification framework using multithreshold similarity network fusion algorithm, to distinguish TS children from normal controls, which achieved a high accuracy of 88.79%. The discriminative topological features were also identified. Through combining between-group statistical comparison and individual-based classification, our study may provide empirical evidence for the disrupted topological organization of FC networks in early TS children.
Altered Small-World Topology of the FC Networks in TS
Previous studies have proved the small-world property of the brain functional and structural networks constructed Fig. 8 Results of TS classification based on multi-threshold fused FC networks. a The overall ROC curves for 20 times of nested CV, which demonstrate the superior performance of our framework over other comparison methods. The overall ROC curves were generated by concatenating the estimated probability matrix of each subject in each group across 20 rounds of nested CV. b The brain regions with most discriminative nodal topological properties for classification. The brain graphs were visualized by volume to surface function in BrainNet Viewer software. The regional colors with progressive shade (from blue to red) indicate the frequency of being selected by the nested CV procedure. Abbreviation is the same as Table 3 (color figure online) We ran nested CV 20 times, and then calculated mean ± standard deviation (SD) using different modal MRI [42] [43] [44] [45] . Specially, two previous studies [46, 47] showed that functional networks have efficient small-world topological properties in both healthy children and children with attention-deficit hyperactivity disorder (ADHD), a commonly diagnosed childhood neurobehavioral disorders as TS, which could provide certain reference significance for our study. Although both healthy and TS children showed smallworld attributes, the TS children showed significantly decreased network strength, clustering coefficient, global, local efficiency, and significantly increased shortest path length and small-worldness, over a wide range of sparsity thesholds. On one hand, the global efficiency reflects the information transfer between remote cortical regions, and it is mainly associated with long-range connections. On the other hand, the local efficiency is predominantly related to the short-range connections between neighboring regions. Decrease in both global and local efficiencies reflects disrupted topological organizations of the FC networks in TS patients, which seems to be affected by the loss of impaired inter-regional connections as pointed out in [48] . Furthermore, many DTI studies provided direct evidence for disrupted integrity in various WM tracts in early TS children, such as the corticospinal tract, the superior/inferior longitudinal fasciculus, the superior/ inferior fronto-occipital fasciculus, the anterior thalamic radiation, and the corpus callosum [49, 50] . The WM abnormalities may disrupt the inter-regional communication among parts of the brain.
Moreover, significantly decreased clustering coefficient, significantly increased shortest path length and small-worldness were also found over a wide range of sparsity thresholds. Moreover, the AUC value of these parameters also showed the same significance in TS group compared to control group. Increased short path length suggests reduced efficiency of parallel information transfer in the FC networks in TS children. The clustering coefficient represents the ability of a network to process specialized information within densely interconnected groups of nodes (functional segregation). Lower clustering in patients group implies that TS networks are less likely to be connected to each other, thereby indicating that they are less synchronized, segregated, and more independent of each other in TS. Since the small-world connectivity model reflects an optimal balance between local specialization and global integration, the significantly altered small-world topology in TS children could indicate less optimal organization of the brain functional networks, possibly as a consequence of reorganization secondary to cortical injury [51] .
Reorganized Hub Distributions Between TS and Controls
In this study, we used the nodal betweenness centrality as the key indicator to define the hub regions of brain FC networks. At present, there were no unified standards and methods to define hub regions. Other nodal topological properties such as nodal degree [52] and nodal efficiency [31] were also used to define hub regions in brain network. However, a previous study of resting-state functional network [53] used two different nodal topological properties, the nodal betweenness centrality and degree, to find the hubs in brain network, respectively. Then, vulnerability was employed to compare the two methods, which needs to delete nodes in the network and compare the global efficiency between the intact network and lesioned network. This showed that betweenness centrality was a more effective parameter since the hub's vulnerability of betweenness centrality method was larger than other methods and the consistency was better. Specifically, betweenness centrality was indeed widely used for hub analysis of brain functional networks [14, 54, 55] , and our study built on these foundations to study the hubs in the FC network. More importantly, though seven common hub regions were identified in both groups, hub analysis via betweenness centrality in our study demonstrated that partially reorganized hub distributions with three hub regions only appeared in the patient group while five hub regions only appeared in the control groups. Brain hubs with high betweenness centrality were high traffic nodes mediating coordination across different functional modules. If the hubs are attacked, the robustness and efficiency of the network will be obviously compromised [56] . Interestingly, the reorganized hubs were all highly related to TS as the local topological properties of these regions were found to be significantly altered in TS children and discriminative for TS classification [25] .
Distributed Regions with Altered Betweenness Centrality in TS
We also observed several brain regions with altered nodal betweenness centrality in TS children. The involved regions were categorized into sensorimotor, default-mode, language, and visual association functions.
Firstly and importantly, the disrupted regions related to sensorimotor association functions mainly involved the paracentral lobule (PCL), insula, and pallidum (PAL). The previous functional imaging studies have observed abnormal neuronal activity in these sensorimotor regions in TS patients. The paracentral lobule controls motor and sensory innervations of the contralateral lower extremity, and its abnormally enhanced structural connectivity with the striatum and thalamus was revealed by a previous study [57] , may indicate the significantly increased betweenness centrality of this region. In a previous TS study [58] , the insula (mid-and posterior) showed significant resting-state FC with bilateral sensorimotor cortex, and the topographic distribution of insula's anatomical connections in primates suggests that it is involved in sensorimotor function. In addition, subthalamic nucleus (STN) neurons in the sensorimotor regions project to the external pallidum, and the left pallidum was found to be positively correlated to tic score [11] . These findings suggest that functional changes exist in the sensorimotor system in TS patients, which provides support for our findings.
Secondly, the disrupted regions in default-mode networks (DMN) mainly involved the hippocampus, inferior parietal lobules (IPL), median cingulate, and paracingulate gyri (DCG). Cui et al. [6] found that TS children showed abnormal spontaneous brain activity in cingulate gyrus and parietal gyrus using combined ALFF and fALFF analyses. Hippocampal volume alterations were also found in TS boys and structural changes in hippocampus might indicate an involvement of temporolimbic pathways of the CSTC in the syndrome [59] . Furthermore, the nodal topological properties of DCG were also found to be the discriminative features for TS classification [25] . Above all, the altered betweenness centrality may be due to TS-related disruptions of FC within the DMN and our results are in agreement with these previous findings.
Thirdly, altered nodal BC was observed in several regions that are key components for language processing, which mainly involve the orbital part of inferior frontal gyrus and angular gyrus. The orbital part of inferior frontal gyrus (ORBinf) is most closely represented by Brodmann area (BA) 47, which is implicated in the processing of syntax in oral and sign languages, musical syntax, and semantic aspects of language. Moreover, we observed a significant negative correlation between the nodal betweenness centrality of right ORBinf and the tic severity score of TS children. Interestingly, a previous study [60] also found in TS patients that the YGTSS scores correlated negatively with cortical thickness in the orbital inferior frontal gyrus (BA 47). The angular gyrus is the part of the brain that is associated with complex language functions, and fMRI activation in angular gyrus was found in TS patients [61] . In this study, 16 of 27 TS patients exhibited vocal tics (including humming, grunting, or saying actual words, usually in an explosive, spastic fashion), which supports our findings of functional abnormalities in the language areas.
Finally, altered nodal betweenness centrality was also found in several occipital regions (MOG and LING) and fusiform gyrus (FFG), which are important for visual processing. Few studies have identified FC abnormalities in the TS patients in the visual regions. Thomalla et al. [62] revealed that TS patients had reduced co-activation in the right MOG, LING and FFG. Wen et al. [50] found that TS children with microstructural abnormalities in the right middle occipital white matter (WM), may indicate a disrupted inter-regional connectivity. Despite these advances, very little is known about the altered topological organization of FC network in the visual regions. Thus, our results provide further evidence for the functional disruption of the visual system in TS patients.
The Benefits of Multi-Threshold Similarity Network Fusion
From the experimental results, the later three methods in Table 7 based on graph theory outperformed the original FC method without graph theory, and the two methods with sparsity threshold outperformed the method without sparsity threshold. Most importantly, our proposed method based on multi-threshold similarity network fusion has demonstrated a superior performance over other comparison methods. Unlike traditional similarity network fusion [37] , which enhances the similar matrix of all samples by integrating different feature types, we further ameliorated the network fusion algorithm to enhance the individual FC network for each subject, by integrating the information provided by other topological views of the original network. The produced fused network does not only rely on a single individual threshold, and thus is less affected by noise. Moreover, it incorporates the common and complementary information from multithreshold networks, so it can better represent the underlying high-level structure of the original FC network.
A Classification Framework with Stronger Generalization Ability to Identify Neuroimaging Biomarkers
In our study, a nested cross-validation strategy was implemented, which might help avoid biased estimates of the classification method and prevent overestimation to a certain extent. In contrast, the previous study [24] used twosample t-tests on the entire dataset to extract VMHC values showing significant between-group differences, and then used them as features for subsequent classification. Although the classification model was computed based on the training set in their study, the two-sample t-test is in fact a filter method of feature selection [19] , and feature selection on the entire dataset rather than training set may inadvertently introduce bias into classification models which can result in overfitting. Therefore, the method in their study may cause a model that is enhanced by the selected features over other models being tested to get seemingly better results, when in fact it is a biased result. As a further improvement, we implemented feature selection on the training set and included the estimations of optimal parameters and model within the inner CV. The nested CV strategy used in our study was considered as the excellent estimation of generalization [40] , so the discriminative features identified by our classification framework would be more objective and generalized neuroimaging biomarkers for clinical TS diagnosis.
Most Discriminative Features for Classification Highly Related to the Pathology of TS
Identification of objective imaging biomarkers is of great interest as it could, ultimately, assist clinical decisions for individual patients. With this consideration, our proposed network-based classification framework identified those topological features that are most discriminative in distinguishing between TS children and controls, thereby identifying brain regions that might be most related to TS. Specifically, many discriminative regions identified by our classification framework were also disrupted regions at the group level (e.g., fusiform gyrus, lingual gyrus, middle occipital gyrus, hippocampus and inferior frontal gyrus, orbital part) or reorganized hub regions (e.g., superior frontal gyrus dorsolateral, middle frontal gyrus, superior and middle temporal gyrus). These regions were all highly related to the pathology of TS as previously discussed. Importantly, many global topological properties of the multithreshold fused networks, such as global, local efficiency, shortest path length, and clustering coefficient were also identified as most discriminative features for TS classification. This indicates that the topological organization of FC networks in TS children is affected over a large scale of sparsity thresholds from another perspective, as the fused networks integrating complementary information from different thresholds.
In addition, our classification framework identified some important regions with discriminative topological features for classification, but showing no significant altered topological properties between groups. These regions were also highly related to the pathology of TS, which mainly involved the bilateral superior parietal gyrus, rolandic operculum, Heschl's gyrus, right putamen, left postcentral gyrus, cuneus, and caudate nucleus. Superior parietal gyrus as a sensorimotor association region has been found relevant to TS by previous fMRI studies. Buse et al. [63] found decreased prepulse inhibition-related BOLD activity in TS boys in the superior parietal cortex. Bohlhalter et al. [64] showed that at the beginning of tic action, significant fMRI activities were found in sensorimotor areas including the bilaterally superior parietal lobule. The rolandic operculum was highly related to tic, as it was found to be commonly activated in free ticcing conditions, by a previous TS study [65] with a variety of fMRI activation paradigms to characterize the origin of tics or their suppression. The basal ganglia have been extensively described in association with TS pathophysiology in children [59, 66] , especially a functional neuroimaging study has correlated tic occurrence with activity in the putamen and caudate [67] . Moreover, TS patients also had altered FC between left cuneus and bilateral sensorimotor cortex [58] compared to controls, and decreased fractional anisotropy (FA) in the left postcentral WM [39, 50] which is also a discriminative region for distinguishing TS children from controls [39] , may indicating the TS-related disruptions in these regions.
At present, TS diagnosis largely depends on the qualitative description of symptoms as there is no hallmark imaging abnormality in routine examination or other reliable imaging biomarkers [68, 69] . Therefore, our proposed network-based classification framework which exhibited excellent and robust discriminative ability would provide a promising assistance for clinical TS diagnosis. The identified discriminative features were all highly related to the pathology of TS according to previous studies, suggesting that these discriminative topological properties for classification could be reliable neuroimaging biomarkers for clinical TS diagnosis.
Conclusion
In our study, we used the whole-brain, ROI-level FC analysis and graph theory analysis to investigate TS-related changes in the topological organization of FC networks. In comparison to healthy controls, we found that, despite TS children showed small-world property, they also showed altered global, nodal topological properties, and disrupted distribution of hub regions. In particular, the distributed regions not only involved the sensorimotor association regions, but also the visual, default-mode, language areas, all highly related to TS.
Our findings about abnormal functional network properties in TS patients suggested possible neurobiological injuries in specific brain regions that may suffer from fundamentally altered neuronal activity. Furthermore, we proposed a novel network-based classification framework for early TS children identification, using an improved multi-threshold similarity network fusion algorithm especially for FC networks. The experimental results of individual-based diagnosis compared favorably with other diagnositc frameworks. The discriminative network topological features for TS classification were also identified, and the involved brain regions were also highly related to TS. Together, combining the disrupted topological properties between groups and the discriminative topological features for classification, our study may provide potential neuroimaging biomarkers for early-stage TS diagnosis.
